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Abstract
Mixture modeling was used to examined the: (a) heterogeneity and prevalence of the language and literacy profiles among 521
first grade students (Malaysian equivalent of Primary 1) and (b) predictors that optimize the classification of language and
literacy profiles. Based on the Simple View of Reading as a theoretical framework, five language and literacy profiles were 
identified. These were students with: a) the weakest performance on average in literacy but slightly higher language skills, b)
weak performance in both language and literacy, c) average performance in language and literacy, d) above average performance 
on language and literacy, and e) the strongest performance in language and literacy. Unique predictors of class membership
differentiation for all groups were phonological awareness, teacher judgment on academic achievement, and socioeconomic
status.
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1. Introduction
Literacy (dis)ability profiles are heterogeneous (e.g., [1, 5, 41]. Thus, classification work is vital to general and
special education [34] for advancing theory and practice in literacy development and (dis)abilities, instruction, and
intervention. Many classification studies have examined the heterogeneity of literacy profiles among elementary-
aged children [5, 7, 9, 15, 18, 28] but few were in the English orthography [5, 7, 9, 15].
Literacy constitutes a constellation of componential skills [33] such as word recognition, spelling, reading
fluency, and reading comprehension. These skills are foundational pillars of literacy outcomes [24, 25] and they 
represent markers for identifying reading disability [10]. To date, the constructs examined have been limited to word
reading and comprehension (e.g., [9, 41]).
The Simple View of Reading (SVR; [1, 14]), which illuminates core components of reading, namely decoding
(D) and linguistic comprehension (LC), is useful for conceptualizing the strengths and weaknesses of D and LC for 
instructional and intervention efforts [38]. Evidence suggests that dissociations between D and LC occur among the
poorest readers but not the strongest and typical readers [6, 14]. Poor reading has been reported to occur on a 
continuum (i.e., poor word recognition but adequate listening comprehension; poor word recognition and listening
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comprehension; adequate word recognition but poor listening comprehension; and adequate word recognition and 
listening comprehension; [7]).  
1.1. Empirical classification of literacy profiles 
There are usually at least three subgroups within the heterogeneous samples examined [5, 28, 41, 18]. Torppa et 
al. [41] used mixture modeling to examine reading development by using word reading fluency and reading 
comprehension measures in a large sample (N = 1,750) of first and second graders in Finland. Torppa et al. found 
five subgroups: poor readers, slow decoders, poor comprehenders, average readers, and good readers across first and 
second grade.  
Using cluster analysis and mixture modeling, Lerkkanen et al. ([18], N = 90) found three subgroups among 
Finnish first and second graders based on word reading, literal text comprehension, and inferential text 
comprehension. These three subgroups were Poor Readers (low-level word reading and reading comprehension), 
Technical Readers (high-level word reading but low-level reading comprehension), and Competent Readers (high-
level word reading and reading comprehension). In another Finnish study, Poskiparta et al. [28] followed 
analysis. There were three clusters of reading profiles: poor readers, good decoders, and good readers. Good readers 
were characterized as having z scores that were 1 SD above the mean for all literacy measures (i.e., word reading 
speed, word reading accuracy, spelling, and reading comprehension) while poor readers had z scores that were at 
least 1 SD below the mean on these measures. Good decoders had average word reading speed and accuracy and 
spelling but poor reading comprehension.  
In a longitudinal study on English speakers, Boscardin et al. [5] used growth mixture modeling to examine the 
reading trajectory and the number of classes across kindergarten, Grade 1, and Grade 2 (N = 414). The five classes 
of word recognition (WR) trajectories in Grades 1 and 2 were: WR1 (-0.95 SD, growth = 0.12), followed by WR2 
(0.46 SD, growth = 0.27), WR3 (1.27 SD, growth = 0.26), WR4 (2.03 SD, growth = 0.51) and WR5 (1.73 SD, 
growth = 0.15). No cut-points were used in any of the mixture modeling studies.  
1.2. The current study 
The first aim of this study was to examine the heterogeneity and prevalence of language and literacy profiles of 
first graders. The second aim was to identify cognitive, linguistic, learner behaviors, demographic, and intervention 
predictors that characterize the group memberships. We utilized mixture modelling to examine the following 
questions:  
1. What are the heterogeneity and prevalence of latent classes that can be identified from language (i.e., expressive 
vocabulary) and literacy (i.e., word reading accuracy, word reading efficiency, spelling, oral reading fluency, and 
reading comprehension) outcome measures at the end of first grade? 
2. What are the significant cognitive, linguistic, learner behaviors, demographic, and intervention predictors that 
characterize the language and literacy latent classes at the end of first grade? 
Based on the SVR literature [7, 14], we hypothesized that there would be five subgroups of students who are: 1) 
poor in literacy skill, but adequate in language skill, 2) poor in language skill, but adequate in literacy skill, 3) poor 
in both language and literacy skills, 4) average in both language and literacy skills, and 5) above average in both 
language and literacy skills. The hypotheses regarding the predictors of the latent profiles were not possible in this 
study because no such profile analysis has been conducted. 
2. Method 
2.1. Participants 
A total of 521 first graders (34 classrooms, 7 public elementary schools) from one district in Florida participated 
in the current study. This cohort was part of a larger study funded by the National Institute of Child Health and 
Human Development [3]. Participant demographics were as follows: age (M = 6.61 years, SD = .37), male (55.5%), 
Black (47.2%), White (40.9%), Multiracial and other (9.4%), Asian (1.9%), American Indian (.6%), and free or 
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reduced-lunch (FRL) eligibility (56.6%). The mean verbal (M = 95.23, SD = 13.50) and non-verbal IQ (M = 92.92, 
SD = 12.58) were slightly below average [16]. All students with special needs services and only students with 
consents participated in the study. 
2.2. Measures 
The measures were comprised of classification variables and predictor variables. The classification variables 
were six measures from the spring of first grade.  
Word reading accuracy. The WJ Basic Reading Skills (BRS; [44]) composite comprising Letter-Word 
-
retest reliability coefficient of the BRS composite is .92 for first graders.  
Word reading efficiency. The TOWRE PDE and SWE [40] composite measures represented the word reading 
efficiency construct. PDE required the student to read pseudowords while SWE required the students to read real 
words in 45 seconds each. The average alternate form reliability coefficient of the TOWRE composite is .93 for first 
graders. 
Spelling. The WJ Spelling (SP; [44]  words verbalized by the 
in. Come in -retest reliability coefficient is .91 for this age 
range.  
Oral reading fluency. DIBELS Oral Reading Fluency (ORF; [12]) measures the accuracy and rate of reading 
connected text in 1 minute. Errors included word(s) omitted or substituted, or pauses of more than 3 seconds. The 
total number of words read correctly per minute is the final score. The test-retest reliability coefficients for 
elementary students range from .92-.97. Only the ORF median scores were included in this study. 
Reading comprehension. The WJ Passage Comprehension (PC; [44]) task requires the students to read a short 
passage silently and provide the key word. The test-retest reliability coefficient is .89.  
Expressive vocabulary. WJ Picture Vocabulary (PV; [44]
word knowledge based on pictures that are presented to them. Students respond with one-word answers. The test-
retest reliability coefficient is .77. 
All predictor variables were from the fall of first grade excluding the teacher rating scales, which were from the 
winter of first grade.  
Alphabet knowledge. The AIMSweb Letter Sound Fluency (LSF; [32]
automatically say the letter sounds of 10 lower-case letters in 10 rows in 1 minute. Testing was discontinued if no 
correct sounds were produced for the first 10 letters. The range for the LSF is 0-100. The alternate form reliability 
coefficient is .90. 
Phonological Awareness (PA). The Blending Words and Elision composites of the Comprehensive Test of 
Phonological Processing (CTOPP; [43]) represented PA. The Blending Words subtest assesses the oral blending of 
larger to smaller units of words (e.g., words and phonemes); the Elision subtest assesses the oral deletion of words, 
syllables, or phonemes. For both subtests, the range is 0-20 and the test-retest reliability is .88 for this age range.  
Rapid Automatized Naming (RAN). The CTOPP Rapid Color Naming [43] 
capacity. Six colors in 36 blocks are randomly presented. If a student cannot name the colors during the practice 
session, the administration of this subtest is discontinued and a score of 0 is assigned. Scaled scores were used. The 
minimum score a student could receive was 1. The test-retest reliability is .78 and the alternate-form coefficient is 
.76 for this age group. 
Phonological memory. The CTOPP Nonword Repetition task [43] requires the students to repeat orally presented 
pseudowords with 3-13 phonemes. For this age group, the test-retest and internal consistency reliability coefficient 
is .68 and .80, respectively. 
Oral language. Oral language constituted vocabulary knowledge and syntax. Vocabulary knowledge was 
assessed using the Kaufman Brief Intelligence Test verbal subtest (KBIT; [16]). The internal-consistency reliability 
for this test is .89. The test-retest reliability from ages 4-12 is .88. Syntactical knowledge was measured using the 
Sentence Imitation (SI) and Grammatical Completion (GC) subtests from the Test of Oral Language Development 
(TOLD-3; [27]  
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morphological forms. The internal consistency reliability for this age group is .92 for both subtests. The test-retest 
reliability for the SI and GC is an average of .90 and .84, respectively. The range for SI is 0-30 and for GC is 0-28. 
Oral language was a composite z-score of KBIT verbal, TOLD SI, and TOLD GC. 
Learner behaviors: teacher judgments of academic competence, inattention-hyperactivity, and reading problems. 
The 9-item Academic Competence subsection from the Social Skills Rating System for Teachers (SSRS-T; [13]), 
which has shown significant predictive power on reading impairment [35] and growth in reading measures [3], was 
d on a 5-point scale (i.e., 1 = 
lowest 10%, 5 = highest 10%). The coefficient alpha and test-retest reliability are above .90 [4]. For the Scale 
Strengths and Weaknesses of Attention Deficit and Hyperactivity Disorder (ADHD) Symptoms and Normal 
Behavior (SWAN; [39]), the 18 items related to inattention and hyperactivity behavior was on a 7-point scale (far 
below average to far above average). For TRRP [36], problem areas (well below grade level) in decoding, 
vocabulary, fluency, comprehension, and motivation were identified and summed to obtain the final score. The 
validity coefficients range between -.39 and -.50 [36]. All teacher judgments were made in comparison with same-
aged peers. 
Demographics: gender and SES. Boys were coded as 1 and girls were coded as 0. Eligibility and ineligibility to 
receive FRL was coded as 1 and 0, respectively.  
Tiered conditions. Supplemental intervention was coded as 1; Tier 1 was coded as 0. 
3. Results 
3.1. Heterogeneity and prevalence of latent classes  
Given our hypothesis that mixtures of latent classes [20] exist in our sample, we conducted mixture modeling in 
Mplus 6.12 [23] to address the research questions. Mixture modeling handles measurement error through the use of 
multiple indicators [22] and it avoids the problematic issue of cut points [42]. Each measure was converted to z 
scores based on sample means and standard deviations to obtain a common reference across all measures.  
The final model. K + 1 latent classes (1 through 6) were compared in terms of substantive theory and the fit 
indices. For all the models, the entropy values approached 1, signifying high precision in classification [8]. The 5-
class model was chosen given the reduction in the Akaike Information Criteria (AIC; [2]), Bayesian Information 
Criteria (BIC, [30]), sample-size adjusted BIC (ABIC; [31]) fit indices, high entropy value, and the significance of 
the 5-class model in comparison with the non-significance of the 6-class model [19]. Moreover, the 5-class model 
was supported by the substantive theory [7, 18, 28, 41] that there are typically more than 3 groups in a large 
heterogeneous sample. The 5-class model also provided more differentiation among students.  
Students in Latent Class 1 displayed the weakest performance on average in literacy; however their oral language 
(.59 SD) was slightly higher than their literacy skills (-1.44 SD). The prevalence of this latent class was 13% (n = 
66) . Students in Latent Class 2 demonstrated weak performance on average in both language (-.25 SD) and literacy 
(- .61 SD). The prevalence of this latent class was 31% (n = 163). Students in Latent Class 3 were characterized by 
students who were average in their performance on language (- .16 SD) and literacy (.18 SD). The prevalence of 
Latent Class 3 was 27% (n = 141). Students in Latent Class 4 were characterized by above average performance on 
language (.48 SD) and literacy (.9 SD). The prevalence of Latent Class 4 was 21% (n = 110). Students in Latent 
Class 5 demonstrated the strongest language (1.2 SD) and literacy (1.7 SD) skills. The prevalence of Latent Class 5 
was 8% (n = 41). 
For our second research question, predictor variables were simultaneously added into the LPA model using 
multinomial logistic regression [8]. The goodness-of-fit of the models were examined by obtaining the difference 
between - -2LL; Menard, 2010). The model with 
predictor -2LL = 556.55, df = 40, p < .05). 
Each latent class was compared to the reference class (Latent Class 5 with the highest z scores) in relation to a 
predictor variable while holding other predictors constant. Tiered condition was omitted in the final LPA model 
because of zero cells in latent classes 1 and 5.  
 
 Estimated posterior probabilities are fractional; hence these are rounded percentages and sample sizes are 
approximate values. 
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Reliable differences between latent classes 1 through 4 relative to the reference class (p < .05) were found for 
PA, SSRS-T, and FRL. Specifically, the statistically significant PA regression coefficients for latent classes 1 
through 4 suggest that PA had predictive utility in distinguishing all the latent classes. For example, the PA logistic 
regression coefficient for Latent Class 1 (-4.53, p < .01) indicated that a 1 SD increase in PA was associated with a 
difference of 4.53 in the log odds of membership in Latent Class 1 (weakest group) instead of Latent Class 5 
(strongest group). In other words, a 1 SD increase in PA reduces the odds of students having membership in Latent 
Class 1 relative to Latent Class 5 by 99% (OR = .01). Similar results were obtained for latent classes 2 (-3.77, p < 
.01), 3 (-2.73, p < .01), and 4 (-2.09, p < .01).  
The SSRS-T was statistically significant in predicting class membership for latent classes 1 through 4 relative to 
the reference class. For example, the SSRS-T Latent Class 1 regression coefficients (-2.89, p < .01) indicated that a 
1 SD increase in SSRS-T was associated with a difference in 2.89 in the log odds of student membership in Latent 
Class 1 (weakest group) relative to Latent Class 5 (strongest group); alternatively, a 1 SD increase in SSRS-T 
reduces the odds of student membership in Latent Class 1 relative to Latent Class 5 by 94% (OR = .06). The other 
latent classes had the following regression coefficients: latent classes 2 (-2.53, p < .01), 3 (-2.19, p <.01) and 4 (-
1.41, p < .05).  
FRL (no FRL = 0, FRL = 1) was statistically significant in predicting class membership for latent classes 1 
through 4 in comparison with the reference class. For example, for Latent Class 1 (3.62, p < .01), the eligibility for 
FRL increased the odds of student membership in Latent Class 1 relative to Latent Class 5 by a factor of 37.41 (OR 
= 37.41). Thus, it was more likely for students who were eligible to receive FRL to be members of Latent Class 1 
(weakest group) relative to Latent Class 5 (strongest group) than their counterparts. The regression coefficients for 
the other classes were as follows: latent class 2 (3.63, p < .01), 3 (3.22, p < .01), and 4 (2.56, p < .01). 
Measures of LSF and oral language uniquely predicted group differentiation for some groups. Specifically, LSF 
was statistically significant in discriminating students in latent classes 1 and 2 (the two lower performing classes) 
from student in Latent Class 5 (strongest performing class). The LSF logistic regression coefficient for Latent Class 
1 (-1.69, p < .01) indicated that a 1 SD unit increase in LSF (holding other predictors constant) was associated with a 
difference of 1.69 in the log odds of student membership in Latent Class 1 (weakest group) relative to Latent Class 5 
(strongest group); equivalently, a 1 SD increase in LSF reduces the odds of student membership in Latent Class 1 
relative to Latent Class 5 by 82% (Odds ratio [OR] = .18). For Latent Class 2, the logistic regression coefficient (-
.84, p <.05) indicated that a 1 SD increase in LSF was associated with a difference of .84 in the log odds of student 
membership in Latent Class 2 (weaker group) relative to Latent Class 5 (strongest group).  
The logistic regression coefficients of oral language for latent classes 2 through 4 were statistically significant. 
For Latent Class 2, the significant regression coefficient (-1.34, p < .05) indicated that a 1 SD increase in oral 
language was associated with a difference of 1.34 in the log odds of student membership in Latent Class 2 (weaker 
group) relative to Latent Class 5 (strongest group); equivalently, a 1 SD increase in oral language reduces the odds 
of being in Class 2 instead of Class 5 by 74% (OR = .26). The regression coefficients obtained for latent classes 3 
and 4 were -1.87 (p < .01) and -1.10 (p < .05), respectively.  
4. Discussion 
The goals of this study were to examine the heterogeneity and prevalence of language and literacy profiles 
among first graders and to identify predictors that optimize classification. Our findings are consistent with the 
literature where at least three subgroups of readers (poor, average, and good) were reported [5, 18, 28, 41]. In sum, 
the profiles were largely characterized by the levels of language and literacy skills spread out on a continuum [7]. 
A major difference between this study and the past studies is the dissociation between word reading and reading 
comprehension in the past studies [18, 28, 41]. Each subgroup in our study had relatively comparable performance 
between word reading and reading comprehension. Our reading comprehension measure, a cloze-procedure task, 
has been reported to tap decoding skills [17, 9]. Conversely, the Finnish studies had tasks that tapped both literal and 
inferential text comprehension [18, 41]. Our results cannot be interpreted as the non-support of the SVR as a viable 
model for classifying language and literacy skills; conversely, the use of broader reading comprehension measures 
could lead to different results; future such study is warranted. Consistent with the literature, we found that the latent 
classes with extreme limits of performance were the least prevalent [18, 41].  
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A key finding regarding the predictive utility of variables that characterize language and literacy profiles was that 
cognitively related predictors (PA), teacher judgment of academic achievement (SSRS-T), and demographics (FRL) 
significantly differentiated all (dis)ability levels in language and literacy skills. That PA was a statistically 
significant predictor of class membership corroborates with past studies (e.g., [11]). The statistical significance of 
SSRS-T also corroborates with past findings [26]. With regard to FRL, the significant coefficients corroborate with 
past syntheses [26] and studies on adequate/inadequate responders and typical not-at-risk students [11].  
That LSF was statistically significant in predicting class membership for two of the lower performing latent 
classes corroborates with past studies [29]. Our finding that oral language uniquely predicted class membership for 
latent classes 2 (weaker group) through 4 (above average group) in comparison with the reference class also 
supports past findings [37]. 
4.1. Limitations of the study 
The restricted range on the language variable, which was possibly related to the sample demographics, may have 
affected the sensitivity of the mixture modeling on language and literacy; replication of the study warrants the 
inclusion of schools with equal ratios of SES backgrounds. The scope of the measures was also limited by the single 
language measure used, which limits the generalization of the study. Future studies that include listening 
comprehension measures (i.e., semantic and syntactic processing, inference making, and working memory) will be 
needed to extend our understanding about language profiles. Parallel materials that include both listening 
comprehension and reading comprehension [14] are warranted. Given that language is predominantly influenced by 
the use of home language; future research should also examine the relation between levels of language use and the 
(dis)association between literacy and language.  
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